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Introduction 
An important requirement of all power systems is flexibility of operation—the ability to 
constantly supply enough electricity to meet fluctuating electricity demand (Species, Water, & 
River, 2010). A flexible power system reduces the risk of system failures caused by having either 
too much or too little generation. System flexibility can also decrease total system costs and 
electricity prices. Traditionally, system operators have relied on a diverse portfolio of 
generation capacity to maintain system balance. Baseload power plants (like coal and nuclear) 
provide a steady source of electricity, while peaking power plants (like hydro and renewable 
sources) provide energy at times of particularly high electricity demand throughout the day and 
year. However, rapid growth in the supply of variable renewable energy is changing the 
landscape of system balance management (Cochran et al., 2014). 
Historically, the primary source of variable renewable energy in the U.S. has been 
hydropower, and major year-to-year fluctuations in hydrological conditions are known to 
heavily impact electricity generation. Hydrological droughts are associated with higher 
electricity prices and emissions due to a shifted reliance on fossil fuel-based generation (Harto 
et al., 2011). Although supply of solar is consistent on a year to year basis, considerable 
variability can exist in wind power production. This means power system operators also have to 
plan for the potential the effects of ‘wind drought’, as was the case in the first two quarters of 
2015, when wind speeds were more than 18% below average throughout the West. Such 
deficits have significant impact on wind plants, with approximately 1.5%-2% decrease in 
average output per one percent decrease in wind speed (Brower, AWS Truepower).  
Although generally considered an advantage for power system operators, an abundance 
of hydropower, wind and solar can have negative impacts as well.  During wet periods, system 
operators in regions dominated by hydropower may have too much generation, leading to the 
“curtailment” (mandatory shut-down) of certain providers. When reservoirs of hydroelectric 
dams are full and cannot store any additional water, operators may be forced to generate 
electricity from hydro, making hydroelectric generation a “must-run” resource. Consequently, it 
often falls to wind and solar to reduce output (Su, Kern, & Characklis, 2017). Thus, in years with 
abundant snow or rainfall, wind and solar producers can experience reduced capacity factors 
and associated losses in revenues. Recent estimates from the Pacific Northwest region of the 
U.S. show that wind curtailment of only 5% results in losses of $49 million for off-takers (Su et 
al., 2017). While hydropower generation may not grow much more, both solar and wind are 
expected to rapidly increase in capacity. Thus, oversupply can be expected to become a 
growing challenge in the future (Bird, Cochran, & Wang, 2014). 
Variability in the supply of renewable energy can also lead to significant fluctuations in 
electricity prices, which impact both buyers and sellers of electricity. In competitive wholesale 
markets for power, all generators submit offers to the system operator based on their marginal 
cost to produce energy and the amount of power they want to sell. The system operator 
arranges all the supply offers in ascending order of marginal costs, which creates a supply curve 
(see Figure 1) (Flores-Espino, Tian, Chernyakhovskiy, Mercer, & Miller, 2016).  
 
Figure 1. Systems supply curve used to set wholesale price of electricity 
As shown in Figure 1, most renewable technologies such as solar, wind, and hydro are 
entered at the base of the supply curve, and coal and natural gas are entered at the tail of the 
curve. Given that renewable energy resources run with minimal operational costs, they have a 
near zero marginal cost. By contrast, coal and natural gas plants have much higher associated 
operation costs, and are therefore much more expensive to run (Johnson & Oliver, 2016).  
 The point of intersection of the demand and supply curve ultimately sets the “market 
clearing” price of electricity. At this point, the wholesale electricity market produces the least-
cost economic dispatch of generation resources that meets demand and ensures system 
reliability. For example, in Figure 1 the first demand curve (D1) intersects the system supply 
curve at a demand of 36 GW of power, resulting in a marginal cost of $65.65/MWh. In an 
alternate scenario, another demand curve (D2) intersects the supply curve at a demand of 42 
GW with a marginal cost of $103.44/MWh. The second demand curve intersects the supply 
curve at a point where coal determines the price. Compared to D1 where natural gas sets the 
market price, coal has a higher marginal cost and thus sets a higher market price for electricity 
(Flores-Espino et al., 2016). 
 The system supply curve will also shift to accommodate increased or decreased 
renewable energy generation, ultimately affecting the price of wholesale electricity. If 
renewable energy is abundant, the system supply curve will shift out to accommodate 
additional renewable energy that enters the base of the curve. As shown in Figure 2, if there is 
an undersupply of renewable energy (supply curve S2), the base of the systems supply curve will 
shrink, thus shifting the entire curve inwards. Such a shift will increase electricity prices from 
point A up to point B. Alternatively, additional renewable energy generation (supply curve S3) 
reduces the price of wholesale electricity from the initial price at point A to point C. Therefore, 
undersupply and oversupply of renewable energy ultimately affects the price of wholesale 
electricity. 
 
Figure 2. Original systems supply curve used to set wholesale price of electricity 
 
The challenge for power system operators is twofold—how to invest in and operate 
power systems that can maintain grid balance when there is not enough renewable energy 
generation and when there is too much generation (Cochran et al., 2014). This challenge is 
further complicated by the increasing threat of climate change on global weather patterns and 
resultant streamflow conditions, which could alter the future availability and dynamics of both 
wind speeds and streamflows, with associated impacts on power (Vogel, 2017). Furthermore, it 
is important to evaluate generation scarcity and oversupply as a single challenge. Power system 
investments need to demonstrate adequate performance under both conditions, and the 
frequency and magnitude of extremes in wind speeds and streamflow could be statistically 
dependent.  
The aim of this thesis it to make contributions in modeling these disruptions, in order to 
help system planners across multiple sectors incorporate risks from extreme events in short 
term operations and long-term planning. Specifically, this thesis will: 1) introduce a modeling 
framework capable of quantifying the potential impacts of Western U.S. wind-hydrological 
extremes on electricity prices in the California market; and 2) develop a key piece of this overall 
modeling framework: a predictive model to simulate the flow of electricity along a major 
transmission path that connects the Southwest to California. Special attention is paid to the 
role of hydrological conditions in driving these transmission path flows.  
Case Study: California 
 
Perhaps no place in the U.S. exemplifies the dual challenge of managing scarcity and 
oversupply in power systems better than California. Several events over the last few decades 
have led to increased concerns in the risks of drought and oversupply in a state where 
hydroelectricity generation averaged 18% of its power generation (Gleick, 2017). 
California has experienced a series of droughts throughout history that have negatively 
impacted its economy and energy generation profile. From 2000-2001, a severe drought across 
the Western U.S. significantly reduced hydroelectric power generation, forcing electricity 
supply in California to constrict and prices to dramatically increase. This event ultimately led to 
an estimated regional economic impact of between $2.5 and $6 billion (Harto et al., 2011). 
Between 2012 and 2015, California experienced the hottest and driest weather dating back to 
the late 1800s. Hydroelectric generation decreased to 10.5% of California’s power generation 
profile, with 2015, the driest year, seeing a decrease to 7%. In absence of hydropower, one of 
the least expensive forms of electricity, California was forced to continue meeting its growing 
electricity demand by supplementing its electricity supply with more expensive alternatives, 
such as natural gas and purchases from out-of-state resources. Ultimately, the drought led to a 
reduction of 66,000 GWh of hydroelectricity generation, collectively costing ratepayers 
approximately $2.45 billion and leading to a 10% increase in carbon dioxide emissions (Gleick, 
2017).  
At the same time, California’s aggressive policies for the advancement of renewable 
generation, such as wind and solar, are putting pressure on system operators to maintain grid 
reliability, particularly during periods of oversupply (Harto et al., 2011). Each spring, the melted 
snow from the Sierra Nevada supplies water to a signification portion of California. In Spring 
2017, the Sierra Nevada recorded an all-time high of an average of 89.7 accumulated inches of 
water (Donegan, The Weather Channel). As a result, hydroelectricity generation increased to 
12.31% of the state’s portfolio. At the same time, electricity production from wind and solar 
posted double-digit growth at the end of 2016 (Nikolewski, The San Diego Tribune). The 
California Independent System Operation (CAISO), the independent system operator that 
oversees the operation of California’s electric system, reported that it added approximately 
2,000 MW of solar power per year, totaling to almost 10,000 MW in June 2016 (St. John, Green 
Tech Media). Due to unexpectedly full reservoirs, many hydropower dams were given must-run 
status during the spring and summer of 2017, and large amounts of wind and solar energy had 
to be curtailed. In March 2017, CAISO curtailed about 80,000 MWh wind and solar energy, a 
significant increase from 47,000 MWh from a year prior (Howland, S&P Global Platts).  
Periods of oversupply in hydropower and solar and wind intensifies what CAISO 
identifies as a “duck curve”. In Figure 3 below, the curve represents net load, equal to the 
normal load minus available solar generation. Essentially, this curve shows a supply-demand 
pattern where the “belly” of the duck represents a period of low electricity demand met with 
high solar-supply, and the “tail” and “head” represent a period of high electricity demand and 
low solar supply. CAISO estimates the belly of the duck will continue to grow as solar 
installations increase between 2012 and 2020 (Denholm, O’Connell, Brinkman, & Jorgenson, 
2015). However, the supply-demand pattern during Spring 2017 reached the duck curve 
forecast for 2020, indicating that hydrological conditions may play a role in pushing those 
negative effects years ahead of CAISO’s schedule (St. John, Green Tech Media).   
 
Figure 3. Duck Curve indicating over-generation risk in in CAISO service area 
Weather impacts within the state are not the only risks CAISO operators must be 
concerned with, given its dependence on outside states to meet its energy demand. While 
California uses a mix of generation technologies, such as natural gas, hydro, nuclear, and 
renewables, to maintain system flexibility, it imports roughly 26% of its generation from outside 
states. Over half of these imports come from the Northwest regions, which include states such 
as Colorado, Nevada, Oregon, Utah, and Washington, and over a third of the imports come 
from the Southwest region, made up of Arizona, New Mexico, and parts of Nevada and Texas 
(Marcy, 2017). Given the wide geographic distribution of California’s total energy generation, 
weather extremes in any of these regions will impact California’s ability to meet demand. Thus, 
it is necessary to not only evaluate the impact of weather extremes on hydro and wind 
generation in California, but also in the Northwest and Southwest regions.  Studying hydro and 
wind variability across such a large region presents a challenge; therefore, a suite of analytical 
tools, including time series analysis and stochastic modeling must be employed to fully 
understand California’s hydro and wind variability risks.   
Methods 
This thesis proceeds with a conceptual description of a modeling framework capable of 
quantifying the potential impacts of Western U.S. wind-hydrological extremes on electricity 
prices in the California market. Then one part of this larger modeling framework is developed in 
detail, specifically a predictive model of electricity flows from the Southwestern U.S. into 
California.    
 
Description of Overall Modeling Framework 
 
This section describes a modeling framework for quantifying risks from extreme wind 
and water availability in California’s wholesale electricity market. The first section discusses the 
unit commitment and economic dispatch model used to mechanistically simulate the 
operations of the major zones of the California Independent System Operator. The second 
section deals with this study’s treatment of power imports from other regions into California 
(i.e., the Pacific Northwest and the Southwest). The third section describes our approach for 
stochastic simulation of wind and water availability across the West Coast. 
 
Multi-Zone Network Topology 
 
Evaluating the energy dynamics within CAISO requires an ability to capture the 
electricity flow between balancing authorities on a regional scale. The Western Electricity 
Coordinating Council (WECC), the regional authority responsible for promoting whole sale 
power system reliability in the Western United States, provides a topological representation of 
power flows within this region (see Figure 7), with the system comprised of a combination of 
nodes, or “hubs”, and connecting high voltage transmission pathways.  
  
Figure 4. (left): Topological depiction of major transmission pathways in the larger WECC system; (right): JHSMINE 
model topology showing transmission connections as network of 21 zones 
 
Given the complexity of WECC’s representation of transmission pathways, a group at Johns 
Hopkins University adapted WECC’S transmission map to develop an abstracted network model 
in order to better inform decision making (see Figure 4).  
The JHSMINE model topology shown in Figure 4 is an abstract representation of power 
systems as a network of 21 nodes (zones) and edges. Each zone is formed either by stand-alone 
balancing authorities or a combination of adjacent balancing authorities, which are then 
connected via single lines (edges) that represent aggregated high voltage transmission 
pathways, each of which are associated with maximum bi-directional flow limits. Nodes colored 
in red correspond directly to the CAISO balancing authority while nodes in orange represent 
neighboring systems that import electricity to CAISO.  Additionally, historical power flow data is 
available along these pathways for the years 2001, 2002, 2005, 2006, 2011, and 2012. This is 
useful for calibrating the larger regional systems model as well providing dynamic system inputs 
to the base model formulation.  
Unit Commitment and Economic Dispatch Model for CAISO 
 
The Unit Commitment and Economic Dispatch Model is used to mechanistically simulate 
the operations of the major zones of the California Independent System Operator. In the 
formulation of the base model, four CAISO nodes are represented using the dispatch model. 
These nodes are composed of the Pacific Gas and Electric (PG&E), Southern California Edison 
(SCE), and San Diego Gas & Electric (SDG&E) electricity providers. All imports and exports 
between CAISO and external balancing authorities are implemented through historical WECC 
time series of path data. 
The model takes in variables such as CAISO generators’ heat rate, capacity factor, and 
engineering constraints. It takes into account the generators’ fuel, no-load, start, variable, and 
variable operations and maintenance costs are collected. Additionally the model also considers 
the “must-run” status of thermal power plants, the production of variable renewable energy, 
hydropower, and pumped storage, and overall electricity demand and fuel prices. These make 
up the total variables, which the dispatch model uses to solve simulate operations within 
CAISO.  
Through the variables and the associated parameters, the objective of the model is to 
simulate operations of generators in California in order to minimize operational costs and meet 
electricity demand. The model is run iteratively over a one year period and generates outputs  
of wholesale electricity prices and least cost operation schedules. Therefore, through a variety 
of variables, the model is used to simulate electricity operations to estimate electricity prices 
for various scenarios, including situations where weather plays a significant role in electricity 
supply.   
While it is possible to produce a generally accurate summary of operations in CAISO 
with the variables at hand, the base model formulation exclude notable exceptions, such as 
interactions with the Pacific Northwest and interactions with major import markets in the 
Southwest. Interactions with these other systems are known to have significant impacts on 
wholesale electricity prices in CAISO. Thus, in order to build a more robust simulation, it is 
necessary to consider the relationship between CAISO and its neighboring regions.  
 
CAISO Imports from Neighboring Systems 
 
 California imports power from two main geographical areas: the Pacific Northwest and 
the Southwest. In both cases, significant amounts of imported electricity are produced by 
hydroelectric dams. This motivates investigation of the statistical relationship between power 
imports and the regional availability of water for hydropower production.  
 Power imported to California from the Pacific Northwest enters the state along two 
major WECC transmission routes, Paths 65 and 66. Power imported to California from the 
Southwest enters the state via WECC transmission Path 46 (see Figure 5 below).  
 Figure 5. Topological depiction of power flows in the CAISO region 
 Power flows on Path 46 are comprised of electricity produced in two places: Arizona 
(where power is produced via a combination of coal and nuclear) and Southern Nevada (where 
power is produced primarily by the Hoover Dam). The Hoover Dam, a 2,080 MW capacity dam, 
on average produces four billion KWh of power per year, and delivers this power to an array of 
customers (see Table 1) (Bureau of Reclamation).  
Customer % Energy Allocated 
Arizona  18.9527% 
Nevada  23.3706% 
Metropolitan Water District of Southern California  28.5393 % 
Burbank, CA  0.5876% 
Glendale, CA  1.5874% 
Pasadena, CA  1.3629% 
Los Angeles, CA  15.4229% 
Southern California Edison Co.  5.5377% 
Azusa, CA  0.1104% 
Anaheim, CA  1.1487% 
Banning, CA  0.0442% 
Colton, CA  0.0884% 
Riverside, CA  0.8615% 
Vernon, CA  0.6185% 
Boulder City, NV  1.7672% 
Table 1: Percent allocation of firm energy generated at Hoover Dam   
 
 As shown, roughly 59% of power produced at the Hoover Dam is imported along Path 46 
to California, with Metropolitan Water District of Southern California receiving 29% of total 
energy generated alone. Electricity imports from the Southwest have significant impact on the 
electricity mix that CAISO distributes, ultimately affecting wholesale electricity prices in the 
region. Therefore, it is necessary to predict Path 46 flows into California. Doing so will 
ultimately allow for a more accurate simulation of operations within the  major zones of CAISO.  
 
 
A Predictive Model for Simulating Transmission Path 46 Flows Using Hydrological 
Conditions 
 
In order to predict Path 46 flows, a combination of statistical time series and power 
system modeling is employed (see Figure 6). 
 
 
Figure 6. Flow chart depicting methodological approach used in this study.   
 
First, historical time series of hydropower availability in the Southwest WECC regional 
transmission organization (RTO) are acquired. Analysis is performed to identify a statistical 
relationship between hydropower availability in California’s neighboring states and its domestic 
hydropower production and electricity usage. Then, an Ordinary Least Squares regression 
model is built to predict Path 46 flows, followed by statistical analysis of the model’s predictive 
power. Finally, an analysis of the residuals of the model is performed in order to understand 
underlying errors in the regression.  
In order to understand how water availability affects the import of electricity from the 
Southwest into California, two questions need to be answered: 1) how does hydropower 
production vary with hydrological conditions at Hoover Dam?; and 2) how does hydropower 
production at Hoover Dam relate to power flows along Path 46? 
One key assumption made while evaluating the relationship between discharge from 
the Hoover Dam and imports from the Southwestern US to California is that Hoover Dam 
discharge is highly correlated to hydropower production, which means that flow measured 
through water discharge roughly correlates to the power actually produced by the Hoover Dam. 
A simple formula for calculating approximate electric power production at hydroelectric 
stations is: 	𝑃 = rℎ𝑟𝑔𝑘     (Equation 1) 
Where, 
 P = power in watts  
r = density of water 
h = height between reservoir surface and turbines 
 r = streamflow 
g = acceleration due to gravity 
k = is a coefficient of efficiency.  
 
All these variables, with the exception of streamflow (r) and height between reservoir 
surface and turbines (h), are constants (Oregon State University). Assuming that heights 
between surfaces and turbines at the Hoover Dam change minimally, hydropower production is 
almost perfectly correlated with water discharge.  
Since energy imported to California from the Southwest enters the state via 
transmission Path 46, which comprises hydropower produced at the Hoover Dam, it was 
hypothesized that hydrological flow at the Hoover Dam would translate to more power flow 
into California. However, when plotting monthly Hoover Dam discharge against power 
transmission along Path 46, results showed a negative correlation between discharge and 
power transmission (see Figure 7). The negative correlation shows that times of highest power 
generation at the Hoover Dam actually result in lowest power transmission to California.  
 
Figure 7. Scatterplot showing negative correlation between monthly discharge and power transmission 
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Note that this finding does not suggest that on a monthly basis, more hydropower 
production at the Hoover Dam causes lower Path 46 flows; rather, it is more likely that the 
negative correlation is due to the fact that Hoover Dams flows have roughly the same timing 
(i.e., snowmelt driven) as hydropower production in California, which would mean that 
California simply needs to import less power during Hoover Dam’s peak discharge, because of a 
simultaneous greater supply of hydropower in California. Comparing Figure 8 and Figure 9 
confirms this hypothesis.  
 
Figure 8. Hoover Dam water discharge over 50 years 
 
Figure 9. California hydro discharge 
Due to limitations in data availability, California historical hydro data could only be 
analyzed for the years of  2001, 2005, 2010, and 2011. However, despite these limitations, both 
Hoover Dam discharge and California historical discharge still display similar patterns. 
Comparing Figure 8 and Figure 9 show that both the Hoover Dam water discharge and 
California hydrological flow follow a similar seasonal pattern. As shown, there is a general 
increase of hydrological flows around the Spring season, with a peak roughly in the months of 
April or May. Given that California also sees peak hydropower production in late Spring, it likely 
does not need to import power generated from the Hoover Dam, even if Hoover Dam is 
producing electricity at its highest rate. This accounts for the negative correlation between 
Hoover Dam water discharge and power transmission from Path 46 into California.   
 While there is a negative correlation in monthly Hoover Dam discharge and Path 46 
power transmission, there is a positive correlation in yearly discharge and transmission (see 
Figure 10).  
 
Figure 10. Scatterplot showing positive correlation between yearly discharge and power transmission 
 Despite a negatively monthly correlation, Path 46 flows and Hoover Dam flows (i.e., 
hydropower production) are still positively correlated on a yearly basis. This suggests that the 
total amount of hydropower generated at the Hoover Dam does still limit how much total 
power California imports from the Southwest.  
 Ultimately, the findings from both monthly and yearly observations between Hoover 
Dam discharge and Path 46 power transmission suggest that a predictive model capable of 
stochastically simulating Path 46 flows should be based partly on Hoover Dam flows to 
accurately capture month-to-month and year-to-year dynamics.  
There are other variables that also likely to affect overall electricity flows along Path 46. 
An important factor to consider are the additional sources of power California receives, mainly 
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from its other imports and its domestic electricity generation.  Given that California imports its 
power from both the Southwest and the Pacific Northwest, it is possible that electricity 
imported from the Northwest (primarily inexpensive hydropower) affects the amount of 
electricity imported from the Southwest. Path 65 and Path 66, which represent imports from 
the Northeast, should be included in modeling Path 46 flows. In addition to these imports, 
California produces its own hydropower, which will also affect how much electricity it imports 
along Path 46. For example, periods when California is producing more hydropower are likely to 
show reduced imports along Path 46. Therefore, imports from the Northeast and California 
electricity generation should all be included in modeling flows along Path 46.  
It is also important to consider electricity demand in developing an accurate model of 
Path 46 flows. The demand of electricity in California and its neighboring states will impact how 
much electricity California imports from the Southwest. For example, it’s possible that periods 
of high demand in Nevada and Arizona leave less excess electricity in those areas able to 
exported to California  
In order to build the regression model, monthly data from Path 65, Path 66, Hoover 
Dam, California hydropower production, and Arizona, Nevada, and California electricity demand 
were used to predict Path 46 flows. This model is restricted to 2006-2012 because there is 
significant missing data outside of these years.  
The regression model is coded in Python. First, path, hydro, and demand data were 
imported and independent variables were inputted into a matrix. Using the sklearn package, a 
multivariate regression was built, allowing for an intercept. Next, a linear model was fit and 
used to make predictions based off the testing set, and a calculation for RMSE was hard coded. 
The resulting regression was plotted against the actual values and displayed with the intercept, 
coefficient, and RMSE values.   
By plotting the predicted model and actual Path 46 output,  a relatively accurate 
prediction of Path 46 flows is shown in Figure 11.  
  
  Figure 11. Time series modeling showing monthly predicted and actual Path 46 flows 
From Python, the estimated regression equation depicted in the graph above is:  𝑃𝑎𝑡ℎ	46 = 𝛽- + 𝛽- × 𝑃𝑎𝑡ℎ65+ 𝛽1 × 𝑃𝑎𝑡ℎ66 + 𝛽2 × 𝐻𝑜𝑜𝑣𝑒𝑟 + 𝛽7 × 𝐶𝐴𝐻𝑦𝑑𝑟𝑜+ 𝛽< × 𝐴𝑍𝐷𝑒𝑚𝑎𝑛𝑑 + 𝛽A × 𝑁𝑉𝐷𝑒𝑚𝑎𝑛𝑑 + 𝛽D × 𝐶𝐴𝐷𝑒𝑚𝑎𝑛𝑑	 
 
The corresponding coefficients for the estimated regression are listed in Table 2 below: 
Coefficient Coefficient Value 𝛽- 1,986,705.5820 𝛽E -0.2744 𝛽1 -0.1790 
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𝛽2 -0.4406 𝛽7 -0.2647 𝛽< -172.7974 𝛽A 26.4408 𝛽D 162.6605 
Table 2: Estimated coefficients of Path 46 regression 
 
The root mean square error (RMSE) and R2 value of this regression are 318,217.63 and 
0.77 respectively. Given that the average Path 46 monthly flows is approximately 3.8 million 
megawatts, an RMSE value of 318,217.63 means that the error only deviates roughly 8.3% from 
the actual data. Furthermore, the R2 value suggests our estimated regression explains about 
77% of the variation in flows along Path 46. Both metrics indicate that the regression is 
relatively accurate in predicting the actual monthly Path 46 flows.  
 From the coefficients of the regression, it is possible to make a number of conclusions 
regarding the relationship between the set of independent variables and Path 46 flows. First, 
both Path 65 and Path 66 flows are negatively corrected with path 46, meaning that the more 
hydropower imported from the Pacific Northwest, the less power California imports via Path 
46. The negative correlation between both the Hoover Dam flows and California’s own 
hydropower production with Path 46 implies that an increase in either Hoover Dam or 
California’s hydropower production results in a decrease in overall power flows along Path 46. 
The negative correlation between Arizona demand and Path 46 implies that an increase in 
demand in electricity in Arizona leads to a decrease in Path 46 electricity flows. Finally, 
California electricity demand are positively correlated with Path 46, which means that the more 
electricity demand in the state leads to increased electricity flows along Path 46.  
 To evaluate which of our independent variables have more predictive power, separate 
regressions using each variable were developed and their respective R2 values calculated (see 
Table 3): 
Independent Variable R2 
P65 0.4357 
P66 0.2574 
Hoover 0.3503 
CA Hydro 0.4671 
AZ Demand 0.0033 
NV Demand 0.0010 
CA Demand 0.0600 
Table 3: R2 values of indepdent variables 
  
From Table 3, Path 65, Path 66, Hoover Dam hydropower generation, and California 
hydropower generation have the most predictive power in the Path 46 regression. California 
hydropower generation and Path 65 have the highest R2 value, roughly explaining 47% and 44% 
of variability in Path 46 flows respectively. Hoover Dam flows explain approximately, 35% of 
Path 46 variability, and Path 66 flows explain roughly 26% of variability.  
 While it appears that Arizona, Nevada, and California demand each have very little 
predictive power due to their low R2 values, excluding these three variables from the regression 
would reduce the overall R2 value from 0.77 to 0.62 (a loss of 15% of predictive value). 
Therefore, while the demand data don’t individually have strong predictive power, they are still 
important to the overall Path 46 regression.  
 Given that roughly 23% of the variability in Path 46 flows cannot be explained by the 
regression, it is important to evaluate potential causes of error. In particular, there is interest in 
assessing regression ‘residuals’ (errors) to see if they are random or correlated the values of the 
dependent variable (Path 46 flows). Figure 12, regression errors are plotted against actual Path 
46 flows, showing a clear trend between errors and Path 46 values.   
 
Figure 12. Scatter plot showing negative trend between regression error and actual Path 46 flows 
 
In Figure 11, a negative correlation exists between regression errors and Path 46 flows. 
This suggests that for periods with low Path 46 flows, the model tends to over-predict; and as 
Path 46 flows increase, the regression model tends to under-predict flows.  
 
Residual Analysis  
 
 Given that there is lack of complete understanding of the electricity system in California, 
a deeper analysis into the errors of the regression model is necessary in order to evaluate and 
understand its accuracy and predictive power. In particular, it is important to represent 23% of 
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the variability in the model that is currently unaccounted for and produce extreme values that 
are observed in the actual Path 46 transmission flows.  
To capture uncertainty, it is necessary to introduce synthetic random errors into the 
model. These errors are built by first identifying any underlying autocorrelation in the model. 
To do so, code is written in Python using the arima_model package, which uses the 
autoregressive-moving-average (ARMA) model to identify the number of periods that data may 
be correlated.  
 Initially, the residuals are “whitened” in order to remove the any seasonality trends. 
Each residual is subtracted by the mean of residuals and then divided by their standard 
deviation for every month. Thus, the set of residuals are normally distributed around zero. The 
whitened residuals may be correlated on a monthly basis and are tested for autocorrelation by 
using the arima_model package. The ARMA model uses autoregressive terms and moving 
average terms to capture autocorrelation in a time series process. Based off the regression, the 
ARMA model identified a lag of one period, meaning that the residual of one month is 
autocorrelated only with the previous month.  
 Synthetic errors are then built by summing a constant, the error in the previous period 
and a random sample of a standard normal distribution for every month. Given that these 
errors “whitened”, the errors are transformed to include seasonality once again using the 
regression standard deviation and mean.  The synthetic errors created were there added to the 
initial regression in order to create a model that includes noise. Which is seasonally dependent 
and slightly correlated, as shown in Figure 13: 
 Figure 13. Predicted Path 46 Flows and Path 46 Flows with Synthetic Errors 
 
 In Figure 13, the “Combined Errors” line is plotted against the original prediction line. 
The “Combined Errors” reflect the prediction plus synthetic errors that were generated in order 
to add noise to the model. Simply using the original regression will result in predictions that will 
be conservative; there will be no extreme high or low values estimated. However, by adding in 
noise, the model allows for a such extremes. Now, the model captures peaks and valleys that 
the original regression model was unable to estimate. The “Combined Errors” regression is not 
a prediction model, but one that allows for greater understanding of Path 46 flows under 
uncertainty. This insures the model’ greatest predictive power on a monthly basis.  
Conclusion 
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The model developed electricity imports from the Southwest to California is for a 
monthly basis. However, this model must be further reduced to predict Path 46 flows on a daily 
basis. Therefore the immediate next is to perform a similar analysis on a higher time scale 
resolutions. 
 Once the model is complete, it is necessary to develop a similar regression that models 
electricity imports from the Pacific Northwest to California. In the Pacific Northwest, both 
hydropower and wind power make up a significant portion of power imported to California. 
Thus, the model for the Pacific Northwest will reflect both hydrological extremes and wind 
extremes in tandem. At the same time, power modeling within California must also be 
conducted to develop an understanding of power systems within the state. 
Once all import and domestic models are completed, they will be simulated together 
and inputted into the unit commitment dispatch model. The unit commitment dispatch model 
takes in additional variables outlined in the methods sections, such as renewable energy. Using 
all the inputs available, the Unit Commitment Dispatch model will then simulate transmission 
flows under wind and hydrological extremes in the Western United States and output impacts 
based off wholesale electricity prices. Thus, the overall model will estimate the economic costs 
associated with climate extremes in conjunctions with growth in renewable energy generation.  
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